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Abstract
Scientific collaborations shape ideas as well as innovations and are
both the substrate for, and the outcome of, academic careers. Recent
studies show that gender inequality is still present in many scientific
practices ranging from hiring to peer-review processes and grant ap-
plications. In this work, we investigate gender-specific differences in
collaboration patterns of more than one million computer scientists
over the course of 47 years. We explore how these patterns change
over years and career ages and how they impact scientific success. Our
results highlight that successful male and female scientists reveal the
same collaboration patterns: compared to scientists in the same ca-
reer age, they tend to collaborate with more colleagues than other
scientists, seek innovations as brokers and establish longer-lasting and
more repetitive collaborations. However, women are on average less
likely to adapt the collaboration patterns that are related with success,
more likely to embed into ego networks devoid of structural holes, and
they exhibit stronger gender homophily as well as a consistently higher
dropout rate than men in all career ages.
Collaboration in social networks is how scientists collectively negotiate
the direction of research in a field or discipline [67].
In the course of a collaboration, new ideas shape and eventually result in
new discoveries and scientific publications [36]. As a result, collaborations
impact researchers’ scientific careers and their academic success [44, 43, 51,
52]. For example, the centrality of a scientist in a collaboration network is
associated with her success [51, 52] and co-authorship strength is related to
high productivity and citations [43, 44].
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Gender inequality is still rife in science. Previous work on scientific col-
laboration suggest that men and women tend to exhibit different collabora-
tive behaviours across their scientific career, such as differences in the number
of new and repeating collaborations [24, 71], position in the network [64], de-
gree of homophilic behaviour [34, 14] and tendency to have interdisciplinary
collaborations [26, 50].
The productivity puzzle refers to the unknown causes of the lower publi-
cation rate of women compared to men in various fields [11]. Many studies
have provided explanations of possible underlying causes of this productivity
gap in science [64, 4, 63, 13, 11, 46, 56]. For example, Duch et al. found that
women publish significantly fewer papers in fields where research is expensive
[13]. Following this argument, differences in research funding could be one
factor behind the productivity puzzle. Other studies point towards family
responsibilities [46, 56], discrimination in the peer-review process [63, 21],
the employment position (i.e. being a professor or a post-doc) [4] and inter-
national collaboration [47] as factors that may explain the lower productivity
of women.
Gender differences have also been observed in hiring [38], grant applica-
tions [30, 59], peer reviews [39, 18], earnings [17, 65], tenure [55], satisfaction
[17], patenting [12], scientific success [25], collaborations [25, 71] and divi-
sion of labour in scientific collaborations [32]. For example, a report from
2006 showed that only one quarter of full professors are female and that
they earn 80% of their male colleagues’ wages on average [65]. More recent
research showed that women are more likely to take executive roles in collab-
orations [32], their collaborations are more domestically oriented and papers
with women as lead author (i.e. solo author, first author or last author)
receive fewer citations [25]. A recent study that investigated collaboration
patterns of female and male researchers in science, technology, engineering
and mathematical (STEM) disciplines found that female scientists have sig-
nificantly fewer distinct co-authors over their careers and a lower probability
of repeating previous collaborations than males [71].
In this work we extend these lines of research by investigating collabora-
tion patterns of male and female scientists. Unlike previous work, we analyze
the temporal evolution of collaborations in one entire field, computer science,
and compare the structural position and the success of men and women over
their career ages. We use the number of citations and the h-index to oper-
ationalize the success of scientists and explore to what extent the position
of men and women in their networks explains their success and if there are
gender-specific differences. A solution of the productivity puzzle is sought
and homophily is studied.
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Table 1: The proportion of correct guesses for various gender detection meth-
ods for scientists across different countries. For most countries the mixed
approaches that combine name- and image-based gender detection perform
best.
# instances SSA IPUMS Sexmachine Genderize Face++ Mixed1 Mixed2
United States 419 0.82 0.76 0.84 0.83 0.91 0.91 0.90
China 113 0.20 0.11 0.67 0.28 0.65 0.50 0.56
United Kingdom 96 0.94 0.92 0.92 0.94 0.81 0.98 0.94
Germany 82 0.87 0.88 0.96 0.94 0.87 0.96 0.93
Italy 75 0.93 0.92 0.94 0.98 0.79 0.99 1
Canada 60 0.87 0.77 0.86 0.91 0.90 0.96 0.93
France 58 0.93 0.92 0.80 0.96 0.81 0.97 1
Japan 56 0.79 0.70 1 0.90 0.62 0.91 0.94
Brazil 44 0.29 0.29 0.15 0.44 0.81 0.90 0.93
Spain 39 0.96 0.92 0.92 1 0.92 1 1
Australia 31 0.89 0.89 0.90 0.86 0.86 0.94 0.93
India 29 0.67 0.17 0.71 0.78 0.83 0.83 0.93
South Korea 27 0.04 0.00 0.58 0.11 0.74 0.37 0.66
Switzerland 25 0.78 0.70 0.56 0.83 0.88 0.90 0.92
Turkey 21 0.43 0.14 0.79 0.81 0.86 1 1
Our main results are that (1) the dropout rate of women is consistently
higher than of men, especially at the beginning of an academic career; (2)
the productivity puzzle can be solved and explained by the higher number of
senior male scientists; (3) there is a sizeable and constant division of labour
in the sense that the ego networks of female researchers are much more closed
and contain fewer brokerage opportunities; (4) closure and brokerage are co-
determinants of scientific success, there are no gender-specific differences in
how collaborative behaviour impacts scientific success, but men are more
likely to adapt the collaborative practices that are related to success; and
(5) gender homophily has been increasing over the past few years.
1 Data
To construct a time-evolving collaboration network we use the DBLP Com-
puter Science Bibliography [29], a comprehensive collection of computer sci-
ence publications from major and minor journals and conferences. While
DBLP offers name disambiguation [48, 29, 49], it does not provide informa-
tion about citations. Therefore, we use publication titles to combine the
DBLP dataset with the Aminer dataset [57] that contains all citation rela-
tions among papers in DBLP.
To infer the gender of authors we utilized a method from a previous
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study that combines the result of name-based (Genderize.io1) and image-
based (Face++2) gender detection services [20]. Compared to other name-
based methods, our approach achieves a high accuracy (above 90%) for most
countries (see Mixed1 in Table 1). For evaluation we used ground-truth data
from a previous study that was manually compiled by looking at the CVs,
pictures and institutional websites of a random sample of scientists (693 men
and 723 women) [25].
Our combined approach does a better job in inferring non-western names
but also performs poorly for Asian (Chinese or Korean) names (see Table 1).
Therefore, we first detect which names are Asian and label their gender as
“unknown”. The authors for which we cannot detect the gender are excluded
from our gender-specific analyses, but included in all structural analyses
(e.g., as alters).
To detect Chinese names we compile a list of 202,045 unique names from
the China Biographical Database Project (CBDB)3. For compiling a list of
Korean names we use Wikipedia as our data source. To do this, we extract
the page titles of all the backlinks to the Wikipedia page “Korean names”4.
The page titles include the names of prominent Korean figures (e.g., singers)
with a Wikipedia page that describe the origin of the name of that person
(e.g., Wikipedia page of a Korean singer and actor5). Using this method
we compile a list of 6,451 unique Korean names. A manual evaluation of
our Asian name detector shows that 88 out of 100 randomly selected scien-
tists were correctly classified; we found 20 true positives (Asians classified as
Asians), 68 true negatives (Non-Asians classified as Non-Asians), 2 false neg-
atives (Asians classified as Non-Asians) and 10 false positives (Non-Asians
classified as Asians). The relatively high number of false positives can be
explained by the fact that some famous Asians choose western names. In
addition, we exclude authors with only first initials since we cannot infer the
gender of authors without knowing their first name. This may exclude female
authors disproportionately, particularly in early decades when women may
have been more likely than men to publish with initials to avoid potential
discrimination. But we expect that this difference is small since our data
collection only goes back to 1970.
Our dataset consists of 1,634,682 scientists, 3,085,544 publications and
7,849,398 citations that have been created in the time span of 47 years,
1https://genderize.io/
2https://www.faceplusplus.com/
3http://projects.iq.harvard.edu/cbdb/home
4https://en.wikipedia.org/wiki/Korean_name
5https://en.wikipedia.org/wiki/Ahn_Jae-wook
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Figure 1: Left: Presence of men and women in the community.
The main figure shows the cumulative number of men and women. The
inset shows the corresponsing ratio of men to women. Women are always
underrepresented in the community, but the gap is closing. Right: Growth
of Largest Connected Component (LCC). The main figure shows the
proportion of men and women that belong to the LCC of the cumulative
network. There is always a higher proportion of men that belong to the LCC.
The inset shows that the men/women ratio in the LCC is also decreasing
over time. There are no women in the LCC in 1970 and 1971.
between 1970 and 2016. Among all publication, 717,471 papers (23%) receive
at least one citation from other papers inside the DBLP corpus.
For all authors with known and unknown gender we build a collabo-
ration network where each node represents an author and each edge a co-
authorship relation. The complete graph consists of 1,634,682 nodes and
7,304,250 edges. 699,370 (43%) authors were identified as men, 227,473
(14%) as women, and for 707,839 (43%) authors gender in unknown. Each
edge is labeled by one or multiple date(s) that correspond to the publica-
tion year(s) of papers. We later use this information to study the network’s
evolution over time.
We take a career approach, i.e. we study researchers at multiple steps in
their career.
We infer the career ages of scientists by comparing their first and last
publication record inside the DBLP corpus. For example, a scientist who
has only published papers in 1995, 2000 and 2005 has a career length of 11
years. In 1995 her career age is 1, in 2000 it is 6 and in 2005 it is 11.
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Descriptive statistics. Figure 1 (left) shows that the computer science
community has been growing rapidly in recent years and is becoming more
gender-balanced. The inset suggests the gender gap is closing over time
where the men/women ratio decreases from 1.7 in 1970 to 1.1 up until 2015.
Figure 1 (right) depicts the proportion of men and women that are part of
the Largest Connected Component (LCC). For example, in 2000, about 20%
of men and 10% of women were part of the LCC. Until 2015, the proportion
of scientists in the LCC had increased to about 85% and 80%, respectively.
This increase resembles an increase of network connectivity which is
partly due to the cumulative construction of the graph and partly due to
endogenous densification [70]. The recency bias in the coverage of DBLP
[62] may add to the observation of the growing LCC. However, this bias
should equally effect publications of men and women, and relative differ-
ences between men and women should, therefore, still be meaningful.
Essentially, the inset reveals that the proportion of men in the LCC has
always been higher than those of women. However, the gap is closing over
time.
2 Results
To investigate the evolution of gender disparities in the computer science
community between 1970 and 2015, we compare (1) dropouts (number of
male and female scientists that stop publishing), (2) productivity (number of
publications per author), (3) collaboration patterns and (4) scientific success
(number of citations and h-index) of male and female scientists.
2.1 Dropout
Leaky pipelines are frequently claimed to cause gender disparities in science.
This metaphor implies that women drop out of academia at a higher rate
as they advance in their career [68, 42]. To compare the dropout rates
of male and female scientists we first infer their career age based on their
publications. We assume that a scientist who has not published any paper
in 10 or more years has left academia, since staying in academia requires
publishing. Scientists who died will also be counted as dropouts, but we do
not expect that the proportion of men and women who die in the same career
age is significantly different. Since our dropout definition requires to observe
at least 10 years after each publication, we limit our dataset to scientists
who published at least one publication before 2006. That means people who
6
early career mid career senior
Figure 2: Dropout rate: Proportion of men and women at different career
ages that permanently stop publishing. Most scientists (40% of men and
47% of women) drop out one year after their first publication (not shown).
Of those that continue, 8% of men and 9% of women drop out after their
second year (from here on shown). After the drastic dropout at the very
beginning, the rate shows three phases. The first corresponds to early-career
researchers (career age 2-10) for which we observe a dropout rate between
7% and 10% every year. In career ages 11 and 12, the rate jumps to 15%
for men and 17% for women. In the second phase related to mid-career
researchers (career age 11-25), the dropout rate fluctuates between 13% and
18%. The third phase corresponds to senior researchers with (career age
above 25). They drop out at a rate of 14% to 21% (for career age above 35
fluctuations increase). Women consistently have higher rates (2 percentage
points) across all career ages.
started their scientific career after 2006 are not included in our analysis. This
leaves 326,329 men and 84,859 women for the dropout analysis.
Figure 2 shows the percentage of men and women who permanently
dropped out of the academic pipeline at different stages in their academic
career. The main message is that scientists tend to stay in the field if they
manage to survive the first year in which they publish. 40% of the male
and 47% of the female authors do not enter a second year (read caption for
further details). For those who do survive, 32% of the men and 31% of the
women stay for up to 10 years and become early-career researchers, 25% of
the men and 20% of the women stay for up to 25 years and becomemid-career
researchers, and only 3% of the men and 2% of the women become senior
researchers and stay 26 and more years in the field. This gender difference
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Figure 3: Left: Productivity gap (calendar years). Average produc-
tivity (number of publications) of men and women over calendar years. Al-
though productivity increases for both sexes, men tend to be slightly more
productive than women. In this analysis we neglect the year 2016 as it might
be affected by censoring bias and missing publications. Middle: Produc-
tivity gap (career ages). Average productivity of men and women over
career ages. Three phases can roughly be detected: (1) career age 1-20: in-
crease of productivity; (2) career age 21-30: stable productivity, 3) career
age 31 and on: decreases of productivity. The average productivity of men
and women at the same stage of the career is very similar. Right: Produc-
tivity gap vs. seniority gap. Differences between the mean productivity
of men and women (productivity gap) and the mean career ages of men and
women (seniority gap) in the same calendar year. The Pearson correlation
between the two differences is 0.86 with p = 10−15.
of careers entails a comparability issue we need to address in the remainder
of the paper.
2.2 Productivity
Various explanations, from funding to family responsibilities and interna-
tional collaboration, have been offered to solve the productivity puzzle dis-
cussed in the introduction. Our results show that the average productivity,
regardless of gender, has been increasing over time and that gender dif-
ferences prevail (cf. figure 3, left). On average, men tend to have higher
publication rates than women in all calendar years and the gap is widening
after 2005.
We offer a solution to the productivity puzzle. The productivity gap al-
most vanishes when the average productivity of men and women in the same
career age is compared (cf. figure 3, middle). Three phases of productivity
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become very similar for men and women: In their first two decades scien-
tists tend to increase their productivity each year. In the following 10 years
their average productivity is rather stable and scientists produce about 3.0
to 3.5 publications per year on average. Towards the end of long careers
productivity drops again.
This result is in line with previous studies that found a similar pattern of
productivity over the chronological age of scientists [45, 2, 60, 27]. However,
the literature also reports different productivity trajectories for scientists
of different citation impact [54] and for researchers in different disciplines
[3, 24]. Recent research also highlights that while the aggregated pattern
of productivity is surprisingly similar for researchers that are placed in in-
stitutions of different prestige rank, high diversity can be observed in the
production trajectories of individual scientists [62].
Comparing scientists only for similar career ages amounts to controlling
for seniority. Figure 3 (right) shows that the productivity gap, measured as
the difference between the mean productivity of men and women in the same
year, is paralleled by a seniority gap, measured as the difference between the
mean career age of men and women in the same year. They not only increase
over time but are strongly and significantly correlated (Pearson correlation
coefficient 0.86, p = 10−15). This suggests the simple explanation that men
are more productive on average because they have a larger fraction of senior
authors.
2.3 Collaboration patterns
Previous studies have either focused on a specific country (e.g., Zeng et
al. [71] focus on the US) or ignored the time dimension (e.g., West et al.
[64] ignore the career age of men and women when analyzing the average
authorship-position on papers).
Here we investigate how collaboration patterns and the network positions
of male and female researchers change over time in an entire scientific field,
computer science.
For structural analyses and later regressions analyses of gender and suc-
cess we operationalize several concepts of network embeddedness. Node de-
gree, the number of co-authors, is a measure of the size of a researcher’s ego
network. Three measures offer insights into ego network properties. Cohe-
sion is the extent to which a network has evolved into a hierarchical structure
of increasingly dense cores embedding into each other. Since the best oper-
ationalization is costly to implement [37] we use the k-core metric instead
where k is an ego’s maximum number of co-authors that have at least k
9
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Figure 4: Evolution of degree, k-core and efficiency distributions
over 6 decades: Main figures show the degree distributions of male and
female scientists. The top-right and bottom-left insets show the k-core and
efficiency distributions, respectively. Each plot refers to one specific year
and describes the structure of the network including all collaborations that
occurred between the beginning of 1970 and the end of the given year. As
the cumulative network grows, the distributions grow fatter tails. In the be-
ginning (1970 and 1980), women tended to collaborate with fewer researchers
(lower degree) and with researchers that were themselves less well connected
(lower k-core) than men. Women also tend to collaborate slightly more with
colleagues that also collaborate with each other (lower efficiency).
neighbors themselves [5].
Neither degree nor k-core tell if ego networks contain structural holes.
Both the absence and the presence of such voids of connectivity are in-
dispensible for the functioning of social networks. Closure, the absence of
structural holes, is needed for trustful coordination while the presence of
structural holes is accompanied by possibilities of brokerage, the reaping of
advantages from tapping different pockets of information at multiple sides
of the structural hole [9]. We operationalize closure through the clustering
coefficient, the density of an ego network excluding ego [61], and broker-
age using Burt’s efficiency, the normalized number of co-authors minus their
average degree within the ego network, excluding ties to ego [6].
To also capture the dynamics of structural order and disorder – or closure
and brokerage – we introduce two measures relating to team assembly [15].
Collaboration strength is the median number of publications of ego’s collabo-
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Table 2: Cliff’s d-test to measure the distance between distribu-
tions. Each value shows the d-statistic comparing degree, k-core and effi-
ciency distributions for men and women for networks cumulated up to the
given year (cf. figure 4). Positive (negative) values indicate whether the dis-
tribution of men (women) is dominant. The value of d ranges from -1 (when
every observation for women are greater that those of men) to 1 (when ev-
ery observation for men are greater that those of women). The differences
between the distributions are significant but small for all years except the
earlier ones when the network itself was small. In all significant cases, the
distribution for men is dominant. Note: ∗p < 0.05; ∗∗p < 0.01; ∗∗∗p < 0.001
1970 1980 1990 2000 2010 2015
degree 0.000 0.007*** 0.023*** 0.064*** 0.097*** 0.069***
k-core 0.000 0.007*** 0.023*** 0.063*** 0.089*** 0.051***
efficiency -0.075 -0.028 0.002 0.027*** 0.061*** 0.074***
rations, and collaboration duration is the median maximum publication year
difference of ego’s collaborations. If those scores are low, collaborations are
less trustful, and brokerage is more pronounced.
Structural gender disparities. Figure 4 depicts the growth of distri-
butions of degree, k-core (top-right inset) and efficiency (bottom-left inset)
for six points in cumulative time, distinguished by men and women. The
tails of the degree and k-core distributions reveal that collaboration at the
macro level has been increasing over decades, regardless of gender. We also
observe that, in earlier years, men have slightly broader degree and k-core
distributions compared to women. As the total network grows and the num-
ber of women increases, women emerge with ego networks that are as sizable
and cohesive as those of men. With respect to efficiency, men tend to have
slightly higher probabilities to act as bridges across structural holes. This is
an intriguing result since previous work has shown that brokers tend to be
more influential [58, 8, 6].
To quantify the comparison of these distributions for men and women,
we use Cliff’s d-test that measures the extent to which one distribution is
statistically dominant over the other one [10]. Table 2 gives the d-statistics
for degree, k-core and efficiency for six points in cumulative time. We observe
small but significant differences between the distributions. In all significant
cases, the distribution for men is the dominant distribution – i.e., men have
larger and more cohesive networks, and they are more likely to be positioned
at structural holes.
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Figure 5: Changes of degree (left), k-core (middle) and efficiency
(right). The main figures show the changes in means of log-transformed
values over cumulative time. The insets show corresponding men-to-women
ratios (ratios above (below) one indicate higher mean log-efficiency for men
(women)). For degree and k-core men tend to have higher values, but the
gap is decreasing over time. The gender gap in efficiency shows three phases:
In the first phase (1970–1982) women are stronger brokers than men (ratios
are below 1). In the second phase (1983-1993) the average log-efficiencies
are not distinguishable. In the third phase (1994-2015) men are stronger
brokers.
To quantify the change inherent to these distributions, we study the
mean of the log-transformed values and look at the men-to-women ratio
over cumulative time. Figure 5 shows that men tend to have larger and more
cohesive networks at any time, though the gaps are decreasing. Regarding
brokerage, the gender gap closes until 1983, in 1989 men have higher log-
efficiency for the first time, and by 1994 men are significantly stronger brokers
on average.
Collaboration patterns across career ages. Although the results so
far indicate that gender-specific differences in collaboration practices exist,
other confounding factors, such as the career-age distribution of men and
women or the computer-science specialties in which men and women are
unequally embedded, may explain our results. To address this problem to
some extent, we use multiple logistic regression models in which we use a
single collaboration concept as the independent variable and gender as the
dependent variable.
Diagnosing the relationship between position and gender requires ac-
counting for dynamic effects. To explore the temporal stability of the bi-
variate relationships, we fit several models for increasing time periods (e.g.,
1 The z-score could not be computed because the corresponding value for all authors
is equal to 1 and therefore standard deviation is equal to zero.
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Table 3: Association between collaboration features and gender.
Each model assesses the relationship between different collaboration features
and gender (male = 0, female = 1) while controlling for the career age of
scientists. Each cell gives the odds ratio from a logistic regression model that
only uses a single collaboration feature to explain the gender of scientists in
the collaboration network at the end of the given year. No significant effects
are observed for early periods. For periods up to more recent years, nodes
with higher clustering coefficient, lower efficiency and lower collaboration
duration are more likely to correspond to female scientists. Degree and k-
core are significant but exhibit effect sizes close to 1. We do not find any
significant gender difference with respect to collaboration strength. Note:
∗p < 0.05; ∗∗p < 0.01; ∗∗∗p < 0.001
Period (1970–) Clustering coefficient Efficiency k-Core Degree Collaboration duration Collaboration strength Sample size (female ratio)
1970 0.0 (-0.0) 2.158 (0.627) 0.727 (-0.713) 0.667 (-0.967) - 1 - 228 (0.05)
1980 1.669 (1.809) 0.81 (-0.754) 1.04 (1.414) 0.94 (-2.489)* 0.922 (-2.18)* 1.069 (0.726) 2,145 (0.09)
1990 1.916 (7.455)*** 0.502 (-6.368)*** 1.024 (2.602)** 0.969 (-5.798)*** 0.951 (-4.737)*** 1.008 (0.202) 11,104 (0.13)
2000 1.412 (10.069)*** 0.67 (-8.071)*** 0.999 (-0.438)* 0.984 (-11.833)*** 0.951 (-11.013)*** 1.0 (-0.02) 46,486 (0.16)
2010 1.649 (32.17)*** 0.444 (-31.304)*** 1.0 (-0.582) 0.99 (-25.03)*** 0.945 (-24.985)*** 1.0112 (1.438) 147,163 (0.2)
2015 1.818 (43.272)*** 0.414 (-41.075)*** 0.998 (-5.806)*** 0.992 (-31.56)*** 0.941 (-34.689)*** 0.993 (-0.937) 192,687 (0.21)
the model for the year 2000 is based on the cumulative collaboration net-
work of all publications that have been published before or in 2000). To
establish temporal comparability, we only study authors which are active in
the final year of each period (e.g., the model for the year 2000 is based on
those authors in the cumulative collaboration network which had published
in 2000).
This reduces the sample size to the one given in the last column of figure
3.
To further control for the career age of researchers, we replace a raw
feature score s by its corresponding career-age z-score separately for each
period. For example, for each scientist i in a specific year, we measure how
much her feature score at career age τ , si(τ), deviates (in terms of standard
deviation) from the average degree of scientists at the same career age:
zi(τ) =
si(τ)− 〈s(τ)〉
σ[s(τ)]
(1)
Table 3 shows the odds ratio and z-statistics for each regression. Before
1990 no significant effects can be observed. For periods up to more recent
years we find that scientists whose ego networks are more closed, contain
fewer structural holes and are more short-lived are more likely to be female.
This statistical analysis confirms our earlier results that men and women
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Figure 6: Gender assortativity and homophily. (Left) Newman gender
assortativity r computed for annual snapshots of the collaboration network.
Gender assortativity is stable until about 2000 and subsequently increases.
(Right) z-Score of homophily computed using equation 2 for annual snap-
shots and 100 instances of a corresponding null model (i.e. a network in which
we reshuffle the links but keep the degree intact). z-Scores indicate the devia-
tion (in terms of standard deviation) from the homophily we would expect in
a randomized network. They are computed separately for men and women.
Homophily increases monotonically, women are more homophilic than men
and the gap widens. All curves are smoothed using a 5-year moving average.
do differ structurally, particularly regarding brokerage and closure, starting
in the 90s. The finding that women, on average, embed into networks with
shorter collaboration duration may be interpreted to be in line with results by
Zeng et al. [71] who found that women have a lower probability of repeating
previous collaborations than men. It should be noted that in all cases the
coefficient of determination is close to zero, i.e. each feature alone can only
explain a small proportion of variance in the response variable.
Mixing of men and women. Homophily, the tendency to associate
with similar others, is one of the fundamental factors that shape social ties
[35, 22]. Homophilic behaviour combined with group size differences can limit
minorities to stretch their overall degree [19]. Consequently, it can impact the
opportunities afforded to minorities to access novel ideas and information.
Since we are interested in observing how homophily is changing over time, we
analyze the collaborative behaviour of scientists within each year separately
rather than looking at the accumulated collaboration network for each year.
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To diagnose global changes of homophily, we use Newman’s assortativity
measure r that captures the extent to which collaborative ties exist across
gender (r < 0) and among the same gender (r > 0) compared to what
we would expect from the node’s degree [40]. Figure 6 (left) suggests that
assortativity was relatively stable in the past but started to increase in 2000.
The increasing trend in gender assortativity requires a detailed analysis
to uncover whether the increase is mainly produced by the behaviour of one
group or both groups. To assess the homophily for each gender separately,
we look at the proportion of links between women (Hf ) and men (Hm):
Hm =
Em,m
Em,m + Ef,m
Hf =
Ef,f
Ef,f + Ef,m
(2)
Here Em,m refers to male-to-male edges, Ef,f to female-to-female edges, and
Ef,m to female-to-male edges. For example, Hf = 1 means that women only
collaborate with women.
To assess the significance of the observed mixing pattern, we compare the
observation to null models in which we keep the network size and the degree
of the nodes intact and reshuffle the edges. Using this model we generate 100
synthetic networks for each yearly snapshot of our empirically observed co-
authorship network. The synthetic networks represent random baselines that
are expected if men and women are gender-blind during co-author selection.
As a last step, we compute the mean and standard deviation of male and
female homophily and the report the corresponding z-score.
Figure 6 (right) shows how many standard deviations the empirical ho-
mophily deviates from the expectation if the interactions would not be im-
pacted by gender. We again see that the homophilic behaviour of men and
women is increasing over time. However, the homophilic behaviour of women
exceeds the expectation more than those of men.
Note that our baseline model assumes that every computer scientist can
in theory collaborate with any other computer scientist. In reality subfields
and specialties constrain who could collaborate with whom. If women are a
minority that focuses on selected topical areas (e.g., Human Computer Inter-
action), then we would observe higher homophily for women than expected
from our baseline model, assuming that collaborations within subfields are
more likely than across subfields. That means, while our work shows that
women tend to collaborate more with other women than expected, we do not
answer the question why this is happening. Gender is one possible expla-
nation, but also the gender composition of certain subfields will play a role.
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Therefore, whether the observed homophily is the result of authors’ choices
(choice homophily) or emergent structures (induced homophily) requires a
deeper investigation that we leave for future works. [22, 53]
2.4 Success
Here, we aim to understand the relationship between collaboration patterns,
gender and scientific success. Specifically, we seek to answer which collab-
oration patterns are related with scientific success and if these patterns are
similar for male and female scientists. To quantify scientific success, our
dependent variable, we use two common measures: citation impact, the raw
number of citations an author has accumulated up to a given year, and the
h-index, the number of an author’s publications that have accumulated at
least h citations [16]. While the number of citations can be driven by single
high-impact papers, the h-index combines the assessment of both quantity
(number of papers) and quality (number of citations). A scientist needs
to produce a high number of high quality papers in order to obtain a high
h-index.
We create two different regression models that describe the relationship
between the collaborative behaviour of scientists and their success.
The first model (ego model) relies on the ego-centric properties of a node
defined in the previous subsection. Because of a high correlation between
degree and k-core (Pearson correlation of 0.75 with p < 0.001), we do not
use k-core in our model to avoid multicollinearity. The second model (1-
hop model) extends the ego model by including information about a node’s
median neighbourhood structure.
Moreover, the academic system naturally changes over time (e.g., with
respect to size, number of relevant venues, publication and citation prac-
tices). Therefore comparing scientists that started their career in different
decades may confound our results. To control for this effect, we add the
starting decade of an author’s career to our model. To study the effect of
gender in collaboration and on success, we include gender as an interaction
term in our models.
The population of scientists is restricted to those with careers of at least
10 years and at least 5 publications. This way we focus only on people who
have decided to pursue an academic career. For each scientist we record her
collaborative features for all stages of her academic career, i.e. our panel data
consists of multiple observations (at least 5) for each author, one for each
career age. Furthermore, we ignore the first 5 career ages to give authors
enough time to accumulate citations. Table 4 shows the size of our panel.
16
Table 4: Sample size for regression of success. Beside the number
of authors we also list the number of observations since we have multiple
observations per author (one for each year in which they were active).
Men Women Total
Number of authors 72,076 13,746 85,822
Number of observations 734,474 131,194 865,668
To account for within-subject correlation and unbalanced observations for
subjects (e.g., missing observations), we use the General Estimation Equa-
tion (GEE) regression model [31] with an exchangeable correlation structure.
This structure meets our cumulative research design by assuming that the
correlations between features for the same author at different career ages are
stationary.. We fit the GEE model with a Gaussian distribution and the
identity link function to the data. To assess the goodness of the fit we use
the marginal R2 which is an extension of R2 statistics for GEE models [72].
Similar to R2, marginal R2 can be interpreted as the proportion of variance
in the response variable explained by the fitted model.
We consider a scientist as successful if she has a higher citation impact
or h-index than an average scientists in the same career age. Therefore we
again use equation 1 to compute the age-specific z-scores for the number of
citations and the h-index. Since the z-scores of our dependent variables are
skewed, we use of log of the z-scores instead. The independent variables are
transformed into z-scores but not logged. Therefore, the coefficients quantify
the association between above-average collaboration features and success.
Tables 5 and 6 report odd ratios and size effects for the number of cita-
tions and the h-index, respectively, as proxies for success. All four models
(the ego and 1-hop models for citation impact and h-index) agree that em-
bedding into large enduring networks with some repetition of collaborations
is the primary explanation of academic success. Structural closure is a sig-
nificant predictor in the h-index models. Brokerage, however, the tapping of
various information resources, is also a significant predictor of success, even
a strong one when success is measured through the h-index. Interestingly, in
the latter case, closure also turns significant. Much in line with the existing
literature [15, 41] this means that trustful relations are not an option but
a requirement for authors and fields to thrive. Successful scientists keep re-
producing a large network of core collaborators while simultaneously adding
new collaborators from a variety of social circles. While long-lasting re-
search partnerships can lead to collaborations that increase success through
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Table 5: GEE model for citation impact. Odd ratios of coefficients are
given for the number of citations as the dependent variable. Values in brack-
ets give z-statistics for the coefficients. The ego model shows that degree,
collaboration duration and collaboration strength are sizeably and positively
related to scientific success. Efficiency has a small positive but significant ef-
fect. The 1-hop neighbourhood model confirms these observations and finds
that median number of citations as well as career age of alters significantly
add to ego’s success while clustering coefficient of alters has a negative effect.
There is no gender effect. Note: ∗p < 0.05; ∗∗p < 0.01; ∗∗∗p < 0.001
ego model ego model
+interactions
1-hop model 1-hop model
+interactions
Intercept 1.682(125.699)*** 1.681(125.098)*** 1.700(133.419)*** 1.700(132.788)***
gender(reference=men)[women] 1.004(1.518) 1.002(0.783)
clustering 0.999(-1.234) 0.999(-1.213) 0.999(-2.098) 0.999(-1.769)
clustering*gender 1.000(0.211) 1.000(-0.297)
degree 1.128(69.524)*** 1.127(63.104)*** 1.122(58.912)*** 1.120(53.123)***
degree*gender 1.007(1.364) 1.008(1.659)
efficiency 1.004(7.467)*** 1.004(6.88)*** 1.005(7.811)*** 1.005(7.95)***
efficiency*gender 0.999(-0.499) 0.998(-1.263)
median collaboration duration 1.021(57.046)*** 1.021(52.313)*** 1.015(34.412)*** 1.015(31.314)***
median collaboration duration*gender 1.000(0.048) 1.000(-0.177)
median collaboration strength 1.007(10.833)*** 1.007(9.732)*** 1.005(8.445)*** 1.005(8.039)***
median collaboration strength*gender 0.998(-1.092) 0.999(-1.051)
neighbours median age 1.004(5.473)*** 1.004(4.872)***
neighbours median age*gender 1.000(-0.007)
neighbours median clustering 0.998(-5.666)*** 0.997(-5.403)***
neighbours median clustering*gender 1.001(0.894)
neighbours median degree 1.005(1.613) 1.006(1.71)
neighbours median degree*gender 0.993(-1.701)
neighbours median n citations 1.036(6.376)*** 1.036(5.452)***
neighbours median n citations*gender 1.000(0.036)
Marginal R2 0.217 0.217 0.296 0.296
increased productivity [43], new collaborators and brokerage can increase vis-
ibility within the community and make a researcher more influential [58, 8].
In addition to the effects of ego-centric features, the 1-hop models demon-
strate that collaborating with successful and senior scientists is beneficial for
a researcher, especially in the h-index models. In that case, when success is
also assessed in terms of productivity, collaborating with highly-connected
scientists is also beneficial. This is probably the effect that teams of ju-
nior and senior researchers can produce outputs of quantity and quality
[69]. Given that, in the ego model, creating trustful relations (enduring and
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Table 6: GEE model for h-index. Odd ratios of coefficients are given for
the h-index as the dependent variable. Values in brackets give z-statistics
for the coefficients. The ego model shows that degree, collaboration dura-
tion, efficiency and collaboration strength are sizeably related to scientific
success. Clustering coefficient has a small but significant effect. The 1-hop
neighbourhood model confirms these observations and finds that the median
career age sizeably and the number of citations as well as the degree of alters
significantly add to ego’s success. There is no gender effect. Note: ∗p < 0.05;
∗∗p < 0.01; ∗∗∗p < 0.001
ego model ego model
+interactions
1-hop model 1-hop model
+interactions
Intercept 1.971(100.784)*** 1.968(100.382)*** 2.009(107.311)*** 2.008(107.022)***
gender(reference=men)[women] 1.016(5.396)*** 1.012(4.485)***
clustering 1.005(7.335)*** 1.005(6.676)*** 1.005(6.718)*** 1.005(6.215)***
clustering*gender 1.000(0.026) 0.999(-0.404)
degree 1.172(96.373)*** 1.172(87.289)*** 1.157(78.669)*** 1.156(71.131)***
degree*gender 1.002(0.428) 1.005(0.993)
efficiency 1.017(23.733)*** 1.016(21.355)*** 1.021(26.531)*** 1.021(25.288)***
efficiency*gender 0.999(-0.331) 0.997(-1.326)
median collaboration duration 1.032(66.816)*** 1.032(61.709)*** 1.022(41.479)*** 1.022(38.399)***
median collaboration duration*gender 0.998(-1.832) 0.998(-1.423)
median collaboration strength 1.013(10.364)*** 1.013(8.727)*** 1.009(8.303)*** 1.009(7.256)***
median collaboration strength*gender 0.998(-0.965) 0.998(-0.788)
neighbours median age 1.016(16.516)*** 1.016(15.386)***
neighbours median age*gender 0.995(-2.137)
neighbours median clustering 0.999(-1.441) 0.999(-1.437)
neighbours median clustering*gender 1.000(0.087)
neighbours median degree 1.018(6.28)*** 1.019(5.883)***
neighbours median degree*gender 0.991(-2.134)
neighbours median n citations 1.035(6.441)*** 1.034(5.501)***
neighbours median n citations*gender 1.004(0.513)
Marginal R2 0.220 0.220 0.298 0.298
strong) is a stronger predictor of success than brokerage, one may expect
that collaborations with strong brokers may be beneficial. The observation
that ties to co-authors with highly closed networks have a negative effect on
success may be considered as supporting evidence for this conjecture.
Finally, our analysis shows that no significant gender-specific differences
exist in how collaboration patterns impact success, since no interactions be-
tween gender and collaboration patterns can be found. This is evidence that
successful male and female scientists exhibit the same collaborative behaviour
and that no differences exist in which collaboration patterns may explain the
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success of men and women in computer science.
While the same collaboration patterns explain the success of male and
female scientists, our previous analysis (see table 3) revealed that men and
women do embed into significantly different ego networks. Networks of fe-
male researchers are significantly smaller, more closed, more devoid of struc-
tural holes and – on the median – more short-lived, while men take roles
as explorers of large spaces who maintain trustful relations on the long run.
Male collaborative behaviour is the one associated with success in academia.
This suggests that women are on average less likely to adapt the collabo-
rative behaviour that is related to success. However, those women who do
become successful computer scientists show the same collaboration patterns
as their successful male colleagues.
Interestingly, gender has a minuscule but significant effect on the h-index
but not on the number of citations in the 1-hop models (tables 5 and 6). Also
note that the regression models only explain 20–30% of the variance, i.e. our
purely structural approach misses central aspects of the research practice.
3 Discussion
A potential gender gap in academia, especially in STEM fields, has been a
great concern over the past decades and many studies have tried to quantify
the extent to which gender inequalities are present in science.
In this study, we have focused on the collaborative behaviour of scientists
in one entire scientific field, computer science, a densifying field [70] with
a collaborative style [69] and a wide gender gap [28]. We have taken a
career approach and analyzed how male and female scientists differ in their
dropout rates, their productivity, their tendency to associate with same-
sex researchers as well as their collaborative behaviour and its relation with
success in academia.
We find that the dropout rate of women in computer science is consis-
tently higher than of men. Women also have smaller probabilities to con-
tinue after their first publication year, enter early- and mid-career stages and
become senior researchers. Controlling for this difference in careers is our
solution to the productivity puzzle that women have a smaller publication
output than men. The solution is found in a strong correlation between the
productivity gap and what we call the seniority gap. Put simply, men are
more productive on average because they have a larger fraction of senior
authors. We solve this puzzle without the need to refer to exogenous factors
or use other sources but bibliographic data [13, 63, 4, 56, 46, 21].
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There is no gender effect regarding success. Women are more likely to
have a larger h-index than men, but the gender variable does not interact
with any of the collaboration features. Structural insights from regressions
of success on collaborative patterns over researchers’ careers are more re-
vealing. They show that network closure and network brokerage are co-
determinants of citation impact or the h-index. Successful scientists embed
in large networks and build trustful relationships through repeating collab-
orations throughout their careers [43]. But, at the same time, successful
scientists also bridge structural holes to exploit various knowledge resources
and stay innovative [58, 8], making brokerage and closure a true duality
[9, 1]. This resonates with theories in the sociology of science that tradi-
tion and innovation is the “essential tension” in scientific research [23], or
in organization science that the exploration of new possibilities necessarily
complements the exploitation of old certainties [33].
Interestingly, our temporal classification of gender on collaborative be-
haviour demonstrates that male and female researchers do embed into dif-
ferent ego networks on average. “Female” networks are significantly smaller,
much more closed (clustered), contain fewer brokerage opportunities and are
more short-lived (regarding median collaboration durations) than those of
men. Controlling for dynamic effects and career ages, there is a division
of labour in computer science: Women tend to take care of network clo-
sure and gather knowledge in tightly-knit communities while men tend to
hunt for innovations across structural holes. Related disparities have been
observed in managerial networks where women are more successful with a
small network of interconnected contacts [7] or where trustful relations and
group reproduction have been found to increase with the presence of women
[66].
While the difference in network structure for men and women opens up
future venues of research into potential gender gaps in science, it is not in
conflict with our results that there are no gender-specific differences in how
collaboration patterns impact success.
The suggested solution to the seeming paradox is that women are on
average less likely to adapt the collaboration patterns that are related with
success. However, those women who become successful computer scientists
exhibit the same collaborative behaviour as their successful male colleagues.
Regarding the mixing of men and women over time we find that gender
homophily has been increasing ever since. In particular, homophily among
women is higher than among men when controlling for network topology and
size.
Limitations. Our work does not allow to answer causal questions, such
21
as if certain collaboration strategies (e.g., repetitive collaborations or bring-
ing people from different communities together) lead to success or if the
observed patterns are a consequence of success.
It is very likely that these relationships are not unidirectionally causal,
but mediated by an unobserved variable, the skills and knowledge of a scien-
tist [54]. Although our statistical models controlled for different factors such
as career age, our work is limited to characteristics that are measurable and
observable in our social network data. Since academic fields are dualities
of social networks and cultural domains [67], future studies should incorpo-
rate the actual content of fields, for example by detecting and adding latent
variables representing subfields to regression models [53].
Finally, our results are limited to the non-Asian part of the computer
science community since we excluded Asian names to avoid low precision in
the gender inference task.
Contributions. To our best knowledge, this is the first study that
analyzes the productivity, dropouts, collaboration practices and success of
male and female scientists in one entire scientific field over time. We hope
that this work enhances our understanding of gender-specific differences in
collaborative academic behaviour, how these differences change over time
and how collaboration practices are related with success. For future work it
would be interesting to extend this analysis to more academic fields, explore
disparities across ethnic groups and improve gender inference methods for
Asian names.
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